A widely used approach for estimating actual evapotranspiration (AET) in hydrological and earth system models is to constrain potential evapotranspiration (PET) with a single empirical stress factor (Ω = AET/PET). Ω represents the water availability and is fundamentally linked to canopy-atmosphere coupling. However, the mean and seasonal variability of Ω in the models have rarely been evaluated against observations, and the model performances for different climates and biomes remain unclear.
| INTRODUC TI ON
Terrestrial evapotranspiration (ET) is the sum of soil and open water evaporation, plant transpiration, and rainfall interception by the canopy. ET is a critical process linking water resources (Gedney et al., 2006; Oki & Kanae, 2006) and carbon-climate feedbacks (Field, Jackson, & Mooney, 1995; Ponce-Campos et al., 2013; Shukla & Mintz, 1982; , and understanding the ET process has important implications for agricultural management (Allen, Pereira, Raes, & Smith, 1998; D'Odorico et al., 2018; Fisher et al., 2017) . When surface water supply is unlimited, ET reaches an upper limit bounded by atmospheric evaporative demand, also known as potential evapotranspiration (PET).
The actual ET (AET) over land will fall short of PET due to surface biophysical limitations. The effect of these limitations can be captured in a single empirical stress factor (Ω), which can be expressed as the ratio of AET to PET. Using Ω to constrain PET has been widely used as a simple but effective approach for estimating AET | 1327 PENG Et al. in hydrological models (van Beek, Wada, & Bierkens, 2011; Caylor, Shugart, & Rodríguez-Iturbe, 2005; Fisher, Tu, & Baldocchi, 2008; Miralles et al., 2011; Schaake, Koren, Duan, Mitchell, & Chen, 1996) and earth system models (Dufresne et al., 2013; Kay et al., 2015) . In agriculture, this approach is often used to quantify water availability (Ritchie, 1998) , to estimate irrigation requirements (Allen et al., 1998) , and to monitor crop water stress (Anderson et al., 2011; Anderson, Norman, Mecikalski, Otkin, & Kustas, 2007; Jackson, Idso, Reginato, & Pinter, 1981) .
While Ω is often related to water availability, it is determined to a greater extent by the relative importance of biophysical control (surface conductance) versus aerodynamic control (aerodynamic conductance) of AET (Jarvis & McNaughton, 1986) . Previous studies have revealed the roles of water supply (e.g., precipitation, Liu, Sun, McNulty, Noormets, & Fang, 2017 , De Kauwe, Medlyn, Knauer, & Williams, 2017 soil moisture, Ohta et al., 2008) and atmospheric evaporative demand (e.g., radiation, Mallick et al., 2016; vapor pressure deficit, Wullschleger, Wilson, & Hanson, 2000 ; wind speed, Kim et al., 2014 , Barnard & Bauerle, 2016 in affecting Ω. A variety of phenological vegetation characteristics, such as vegetation cover (Donohue, Roderick, & McVicar, 2010) , leaf area index (LAI) (Launiainen et al., 2016; Liu et al., 2017) , and crop growing stages (Allen et al., 1998; Kang, Gu, Du, & Zhang, 2003) , are found to be positively correlated with Ω. While vegetation characteristics related to green leaf coverage have been a focus for understanding the biophysical effects on Ω, not many studies have explored the aerodynamic effect of vegetation vertical structure, such as canopy height (Allen & Pereira, 2009; Chu et al., 2018; Raupach, 1994) , on the variation of Ω. As vegetation grows, a greater roughness due to increased canopy height has the potential to offset the benefits of greater leaf area for Ω. This suggests a need to consider the competition between aerodynamic and biophysical control on AET when explaining the variability of water stress.
Recent progress in the integration of satellite data with eddy covariance measurements has led to a range of process-based or datadriven observational AET datasets (Fisher et al., 2008; Jung et al., 2010; Miralles et al., 2011; Mu, Zhao, & Running, 2011) . Nonetheless, huge gaps remain in our ability to represent AET in the existing diagnostic datasets, land surface models, and reanalyses (Greve et al., 2014; Mueller et al., 2013) and to understand the variability of AET (Katul, Oren, Manzoni, Higgins, & Parlange, 2012; Wang & Dickinson, 2012; Zhang et al., 2015) . Uncertainty in AET estimates is caused by at least (1) the different PET approaches (Peng, Li, & Sheffield, 2018; Sheffield, Wood, & Roderick, 2012) , (2) the complexity of the parameterization of the biophysical limitations , and (3) the partitioning of AET between soil evaporation and transpiration (Lawrence, Thornton, Oleson, & Bonan, 2007) . Given the wide spectrum of parameterization schemes and input sources, it is challenging to find a common variable (e.g., canopy conductance) to evaluate the representation of the biophysical processes in different models.
In practice, Ω can be easily calculated from model outputs and is a useful metric for evaluating the biophysical processes and explaining the error in ET model structure (De Kauwe et al., 2017; Polhamus, Fisher, & Tu, 2013) . However, the mean and temporal variability of Ω derived from large-scale model-based datasets generally have not been evaluated against observations. A mechanistic understanding of the errors of Ω derived from the models should help improve the modeling of AET dynamics and reduce the uncertainty in the predictions of water, energy, and carbon balances.
The primary goals of this study are (i) to examine the seasonal variations of Ω derived from eddy covariance flux measurements across a broad range of climates and biomes in North America; (ii) to understand the climate and vegetation controls on seasonal variability of Ω; and (iii) to evaluate the accuracy of Ω derived from the large-scale diagnostic observational datasets, land surface models, reanalysis products, and terrestrial biosphere models at the eddy covariance sites.
| MATERIAL S AND ME THODS

| Overview of the AET/PET ratio
PET and AET can be calculated from the Penman (1948) and quantifies how easily fluxes are transported from the canopy to the atmosphere. g s is the surface conductance (m/s) which quantifies how easily water is transported from roots to the canopy surface, and it consists of canopy conductance, soil conductance, and conductance from the canopy interception.
The ratio of AET to PET, given by combining Equations 1 and 2, is
The inverse of the AET/PET ratio has a linear relation with the ratio of g a /g s :
Ω is a function of g s and g a (Equation 3), which is also referred to as the "decoupling factor," a measure of the decoupling between atmospheric conditions at the canopy surface and those in the surrounding air, introduced by Jarvis & McNaughton (1986, appendix A27) . Conversely, (1 − Ω) describes the coupling between canopy
and the ambient atmosphere and represents the sensitivity of the fractional change in AET to the fractional change in g s (Jarvis & McNaughton, 1986 , appendix A29):
where a 1% change in g s will cause a corresponding (1-Ω) % change in AET.
In summary, Ω is a useful metric that illustrates the partitioning between atmospheric demand control and surface biophysical control over AET. Ω is a nonlinear positive function of the g s /g a ratio,
ranging from 0 to 1 (Equation 3, Figure 3b ). When g s « g a (g a /g s → ∞), Ω goes to 0, meaning that the canopy is fully coupled with the surrounding atmospheric conditions. As (1 − Ω) approaches 1, Ω increases rapidly with g s /g a , and the sensitivity of changes in AET to the changes in g s reaches its maximum (Equation 5). Thus, AET is supply limited under water-stressed conditions and the biophysical control over AET becomes dominant. When g s » g a (g a /g s → 0), Ω approaches 1, meaning that the canopy atmospheric conditions are fully decoupled from those of the free airstream. As (1 − Ω) is very small, the relative change in AET is almost independent of the relative change in g s . Thus, AET is demand-limited and totally regulated by the available energy and aerodynamic control.
| In situ data
We utilized the data from a North American subset of the La Thuile eddy flux dataset (http://fluxnet.fluxdata.org/data/la-thuile-dataset/) developed by the global network of micrometeorological tower sites, FLUXNET. The FLUXNET dataset is a harmonized, standardized, and gap-filled synthesis database at 30-min resolution. We selected a broad range of sites by applying the following quality-con- The LAI for each site was obtained from the MOD15A2H version 6 L4 8-day composite LAI product at 500-meter pixel resolution (Myneni, Knyazikhin, & Park, 2015; ORNL DAAC, 2018) . When obtaining the monthly LAI, we first selected the pixel where the site is located. If this pixel does not pass the quality control, we used the average of the eight neighboring pixels (range of 1.5 km) to approximate the site value. To minimize errors associated with clouds, we used the maximum 8-day value during a month to represent the monthly LAI.
| Estimating Ω from observations
To estimate Ω, we used observed AET and calculated PET from meteorological forcing based on Equation 1. Although Ω can be derived and z 0h are the roughness lengths for momentum and heat (m), and L is the Obukhov length (m). z 0m and d 0 are assumed to be a function of canopy height (h), as z 0m = h/7.6 and d 0 = 2 h/3 (Brutsaert, 1982) .
The term ln(z 0m /z 0h ), typically defined as kB -1 , quantifies the relationship between roughness length for heat and momentum. The parameterization of kB -1 is important for the transport of heat and water vapor and associated land surface processes (Rigden, Li, & Salvucci, 2018) . We selected the following power function of the roughness Reynolds number (Re * = u * z 0m /v) implemented in the Noah model (Chen, Janjić, & Mitchell, 1997; Zilitinkevich, 1995) ,
where v is the kinematic viscosity for air (=1.46×10
C zil is a critical parameter determining kB -1 and varies with land cover type (Chen & Zhang, 2009 First, the 30-min FLUXNET data that pass the quality control ("fqcOK" = 1) were selected (Williams et al., 2012) . To avoid stable conditions and dewfall conditions during nighttime, we excluded those time steps for which Rg
tional velocity (u * ) ≤ 0.01 m/s, or stability parameter (ζ) > 1. Also, when both AET and PET are close to zero during cold seasons, Ω is approaching 1 and becomes less meaningful in representing water stress and the coupling between canopy and atmosphere.
Therefore, we restricted our analysis to the non-frozen period with air temperature > 5°C (Knauer et al., 2018) . Since the Penman method (Equations 1-2) assumes the energy balance to be closed, we discarded time steps in which the error in energy balance closure is above 20%. For time steps in which the energy balance non-closure is within 20%, the energy balance was closed by shifting the measured turbulent fluxes (H, LE) to match available energy (R n − G) while maintaining the measured Bowen ratio (H/ LE) (Twine et al., 2000; Wohlfahrt et al., 2009 ; Text S2 and Figure   S2 ). For precipitation (P), we computed the daily cumulative sum for the 30-min data without discarding any records. For the rest of the meteorological variables, we computed the daily average only for the filtered records and aggregated the daily values to monthly values. For each site year, we derived the annual mean Ω from the monthly Ω during the non-frozen season, which is publicly available as supporting data (Data S1) and can be downloaded from the online version of this article.
| Model-based datasets
The magnitude of Ω depends heavily on the approach used to estimate PET. To ensure consistency in the estimation of Ω in the large-scale model-based data, we first considered datasets that contain estimates of both AET and PET, including three categories following Mueller et al. (2013) : diagnostic datasets based on satellite observations, land surface model (LSM) simulations driven by observation-based forcing, and atmospheric global and regional reanalyses assimilating atmospheric observations. The approach used for AET estimation and the resolution for each dataset are listed in Table 2 . There are three satellite products, GLEAM v3.2a PT-JPL uses the Priestley-Taylor (P-T) method (Priestley & Taylor, 1972) with vegetation data from the Advanced Very High Resolution Radiometer (AVHRR) and meteorological data from the International Satellite Land Surface Climatology Project Initiative II (ISLSCP-II).
MOD16 uses the P-M method driven by vegetation data from the
MOderate-Resolution Imaging Spectroradiometer (MODIS) and meteorological forcing. We also evaluated the Noah LSM simulation (Ek et al., 2003) with different data assimilation schemes. The main differences among the models are (1) the selection of the P-M or P-T method for AET simulation and the inclusion or omission of the aerodynamic component for PET, and (2) the complexity incorporated in parameterizing plant water stress or canopy conductance.
We extracted monthly time series of AET and PET for the 2000-2007 period (except for PT-JPL, which is only available for the 1986-1995 period) in the grids collocated with the FLUXNET sites.
For GLEAM and MOD16, monthly data were aggregated from the original daily/8-day time step. To compare the observed FLUXNET Ω with the monthly model outputs, we recalculated the monthly AET and PET from the observations to include both daytime and nighttime data. We set the nighttime AET and PET records (Rg < 0 W/m 2 ,
to zero, and linearly interpolated the half-hourly records for averaging.
To further explore the potential uncertainties in the outputs of model/reanalysis, we also utilized the simulated latent heat from 18 terrestrial biosphere models that participated in the North American
Carbon Program site-level synthesis (NACP, https://daac.ornl.gov/ NACP/). These models are run in single point at the 47 FLUXNET sites driven by the observed environmental forcing (Ricciuto et al., 2013) . We calculated Ω for these models using model-simulated AET and PET calculated from the in situ meteorological forcing at the 16 overlapping sites (see Table S1 ) and then compared them against Ω derived from the sites. Figure 3b . When the influence of g s and g a are comparable (g s /g a ≈ 1), Ω is centered around 0.7. Note that the variability of Ω caused by the differences in the Δ/γ ratio is much smaller than that due to differences in the g s /g a ratio.
We further explored how climate and vegetation factors control the seasonal variations of Ω through their regulation of g s and g a (Figures S4 and S5 ). and CSH ( Figure 4d5 ). As LAI increases, g s increases and thus Ω becomes higher, because g s is proportional to leaf area and the number of stomata (Mu et al., 2011) . We further estimated the response of Ω to LAI (ΔΩ/ΔLAI, the linear regression slope of monthly Ω vs.
monthly LAI) at each site. We are interested in the underlying factors explaining the spatial pattern of ΔΩ/ΔLAI. Figure S7 shows that ΔΩ/ΔLAI declines from very sensitive (0.4 per m 2 m −2 ) to not sensitive (0 per m 2 m −2 ) with increasing site-average water supply (P, Figure S7a , R 2 = 0.09) and leaf area (LAI, Figure S7b , R 2 = 0.38).
ΔΩ/ΔLAI is also slightly positively correlated with site-average atmospheric evaporative demand (T a and VPD, Figure S7c -d).
We noted that Ω in ENF is not well explained by environmental variables (Figure 4 Row1, R 2 < 0.11). In fact, the divergence of Ω at ENF sites is determined by g a rather than g s , as demonstrated 
| Comparison of in situ observations and modelbased datasets
Based on the interpolated FLUXNET measurements, we calculated the monthly error statistics of the models (Table 3 ; PT-JPL is excluded due to the different period it covers). We averaged the monthly data during the non-frozen period (T a > 5°C) to obtain the annual mean Ω, PET, and AET, as shown by the colored boxplots in To further understand the uncertainties in the outputs of models and reanalyses, we compared the annual mean Ω from FLUXNET against the 18 NACP models for 16 overlapping sites (Table S1 ).
Similar to the previous model comparison (Figure 6 ), Figure S10 shows a large disagreement between observations and off-line model 
| D ISCUSS I ON
| Canopy height is critical in predicting Ω for forests
The AET/PET ratio (Ω), which is closely related to canopy-atmosphere decoupling, decreases with g a (Figure 3) . The observed Ω values are not well explained by LAI at ENF sites ( Figure 4d1 , R 2 = 0.11), as the seasonal variation in leaf phenology for ENF is generally smaller, and canopy height plays a more important role instead ( Figure S5a) . g a depends heavily on canopy height through several pathways. First, canopy height and density increase surface roughness, generating higher turbulent exchange and higher g a , thus reducing Ω. Second, taller trees usually confront higher wind speed because wind velocity increases with height based on a logarithmic wind profile. We found that Ω per unit LAI follows a power-law relation with canopy height (Figure 5 ), where Ω per unit LAI is sensitive to canopy height when canopy height <20 m. This observed Ω-canopy height relationship can be used to predict the biophysical constraints on AET as well as to calibrate AET in dense forests.
The formulation of g a was found to be critical for estimating Ω in forests ( Figure S1 and Text S1). One major difficulty in the derivation of Ω is determining whether PET should vary with surface characteristics. PET is often estimated by the open water Penman equation and reference crop evapotranspiration (Milly & Dunne, 2016) . Both methods implicitly assume g a is calculated from a smooth surface with low roughness length, which, when
The relationship between Ω (AET/PET) and the ratio of transpiration to total AET (T/ET) in (a) FLUXNET, (b) GLEAM, and (c) Noah
applied to forests, tends to underestimate g a and produce a higher Ω, as demonstrated in Figure S1 . The P-T equation with P-T coefficient α PT = 1.26 is independent of wind speed and canopy height, which also implicitly suggests g a is calculated with low roughness length (Brutsaert, 1982) . Given the inconsistent g a definitions in
Equations 1 and 2, these PET methods are likely to produce AET/ PET ratios that deviate, in forests, from the concept of decoupling factor (Jarvis & McNaughton, 1986) . Our results confirm the effect of canopy height on g a and highlight the need to incorporate surface characteristics in PET formulation when estimating and interpreting Ω. Our g a formulation, which is adopted from Zilitinkevich (1995) , considers the effect of biome, canopy vertical structure, and stability, and provides relatively robust estimates of Ω across all vegetation types.
In addition to the aerodynamic impact, canopy height is also related to rooting depth and hydraulic functioning and might have physiological impacts on AET and Ω. Taller trees may have deeper roots that provide access to deeper soil moisture, and thus enable them to maintain transpiration rates and withstand drought as in Amazon tropical forests, for example (Giardina et al., 2018; Nepstad et al., 1994) . Canopy height is linearly associated with LAI when canopy height <5 m ( Figure S8 ), which tends to increases g s and Ω. However, taller trees are also more vulnerable to atmospheric dryness due to a lower xylem conductivity and a higher risk of cavitation (Novick et al., 2009) . Taller trees (>10 m) were found to be more isohydric than shorter vegetation and very sensitive to VPD and stomatal regulation (Konings & Gentine, 2017) .
Further reduction in Ω could arise from the effect of increasing wind speed, which increases VPD by removing saturated air (Barnard & Bauerle, 2016; Kim et al., 2014) and may potentially reduce g s and dampen Ω. Hence, the biological impact of canopy height may either magnify or offset the aerodynamic impact on AET, depending upon the directions and the relative magnitudes of the two effects. To date, the physical and biological effects of canopy height on AET and Ω and their balance across various vegetation types remains largely unexplored and may be a worthy avenue for future research.
| The role of LAI in determining Ω
Our analysis confirms the important role of LAI in regulating Ω (Figure 4 Column d). LAI is one of the most important variables in simulating AET processes and AET partitioning in climate models
and Earth System models Zeng, Peng, & Piao, 2018) . At a given g a and temperature, g s increases with LAI, enhancing Ω and the coupling between atmosphere and canopy ( Figure 3b ).
We found that Ω has a nonlinear and saturating response to LAI.
When vegetation structure is dense and well-developed (LAI > 3), the increase of Ω gradually slows at higher LAI values. There are two main reasons for this reduced growth rate of Ω. First, canopy conductance may not necessarily increase with LAI because high LAI can also reduce average absorbed radiation in the canopy (Katul et al., 2012) . Second, even though the potential canopy conductance increases linearly with LAI, the Ω − g s curve starts to reach saturation when g s / g a > 1.5 (Figure 3b) . Ω is less sensitive to changes in g s when g s is relatively large, and at that point the increase of AET with LAI becomes marginal. When the vegetation fraction is small (LAI < 3), the contribution of soil evaporation to AET is large (Kelliher, Leuning, Raupach, & Schulze, 1995) , the fraction of net radiation to global radiation is small (Launiainen et al., 2016) , and AET is therefore strongly affected by the meteorologically induced stresses. We found that Ω in GRA, WSA, and CSH sites tends to have low magnitude and large variability under soil water deficit, low radiation load, and high VPD (Figure 4 ).
Our analysis also reveals that Ω is more sensitive to LAI at higher aridity (high evaporative demand and/or rainfall deficit) and lower leaf area ( Figure S7 ). This suggests that Ω in semi-arid grasslands and savannahs has higher sensitivity to LAI than in forests and croplands. Although this study is based on monthly data, the observed response of Ω to LAI may be valid over longer time scales. Recent studies indicated that warming temperature may lead to an increase in evaporative demand and drought (e.g., Fu & Feng, 2014) and have
shown a global increase in LAI in semi-arid and arid ecosystems (greening, Zhu et al., 2016) as well as woody plant encroachment into grasslands and savannahs (Knapp et al., 2008) . Future changes in Ω due to increasing aridity and greening, or due to land cover change, may have an impact on soil moisture and vegetation productivity, and hence on the water and carbon cycles (Zeng, Peng et al., 2018; .
| Sources of errors in the model-based datasets
Our results highlight the substantial divergence among the diagnostic, LSM, and reanalysis datasets in the magnitudes of Ω (Figure 6a ).
Such large divergence appears to be primarily due to the choice of the PET formulation (Figure 6b ). GLEAM and PT-JPL used the P-T approach and produced the lowest PET, because the P-T equation fails to account for the effect of canopy height and temperature on large-scale advection (Garratt, 1994) . The other models use the P-M approach, which itself is highly variable due to various approaches for g a formulation and additional input uncertainties related to wind speed and vegetation characteristics. PET in forests is hypothesized to be higher due to large roughness; however, we found an increase in PET from forest to grassland in the four P-M based models ( Figure 6b ). In models using the Noah LSM (Noah, CFSR, and NARR), C zil is a key parameter used to quantify the dependence of kB -1 on u * and determine the thermal roughness length (Equation 7; Weston et al., 2018) . C zil should be very small for tall trees according to observational studies (Chen & Zhang, 2009; Rigden et al., 2018) , suggesting that the default C zil = 0.1 for all vegetation types in the Noah model is problematic and could potentially underestimate g a in forests. Our previous findings highlight the need to account for surface roughness in the estimation of AET, particularly in forests.
Correctly representing g a in models by appropriately incorporating canopy height and vegetation type is required not only to realistically simulate AET, but also to improve the prediction of sensible heat and land surface temperature, two important variables that determine surface energy exchanges.
The model departures from observed seasonal patterns of Ω (Figure 7) are related to the model response of Ω to climate and vegetation drivers (Figure 8 ), which is determined by the parameterization of the surface biophysical limitations (e.g., canopy conductance). Our analysis indicates that the model-based datasets predict the sensitivity of Ω to driving factors surprisingly well in semi-arid
ecosystems. Yet, they are not able to capture the observed sensitivity in forests and croplands, especially for wind speed and LAI.
In Noah and CFSR, the sensitivities of Ω to wind speed and LAI at DBF sites are positive and insignificant, respectively (Figure 8c, d) , potentially leading to underestimated peaks during the warm season ( Figure 7b ) and underestimation of summer AET for forests (Xia et al., 2012 (Xia et al., , 2015 . GLEAM does not capture the sensitivity of Ω to precipitation, LAI, and VPD in forests, which explains the insignificant seasonality of Ω in their results. We conclude that capturing the response of Ω to climate and vegetation drivers is critical for better predicting the seasonality of Ω and AET.
At present, AET partitioning (T/ET) is not captured well by the models (Wei, Lee, Wen, & Xiao, 2018; Wei et al., 2017) . Assessing the relationship between Ω and T/ET in the models may provide new insights into the substantial differences among model-derived Ω. We related the ecosystem-scale Ω to observed T/ET and found a strong positive linear relationship (Figure 9a ). This is mainly because T/ET is also closely linked to LAI and phenology on monthly time scale (Wang, Good, & Caylor, 2014; Wei et al., 2017) . As LAI increases, canopy conductance increases, resulting in increased transpiration and total evapotranspiration. Meanwhile, available energy transmitted to the soil surface decreases, diminishing soil evaporation. On the other hand, an increase in g s can also result from greater soil conductance (Scott & Biederman, 2017) , which enables plants to access water from deeper soil layers, thereby allowing for continuing transpiration during drought. This can change the total AET level and shift the balance of T/ET, a dynamic which has not been well represented by the ET models. For example, in the GLEAM model, a negative relation between Ω and T/ET was found (Figure 9b ). This is probably due to an overestimation of T/ET in grasslands and savannahs, as GLEAM uses the MODIS MOD44B land cover product to separate the soil and vegetation fraction for each pixel and it does not account for soil evaporation in the vegetated fraction (Miralles et al., 2011) . Our analysis highlights the linkage between canopyatmosphere decoupling and AET partitioning through the effect of vegetation cover and may provide a useful tool to reconcile observations and large-scale AET datasets. Further observation-based studies should be conducted to investigate the relationship between g s and T/ET.
The parameterization of surface biophysical limitations is also linked to the PET model structure. For example, soil moisture is sometimes corrected to adjust PET and ensure surface water balance in the models (Yang, Ek, & Meng, 2015) ; vegetation and rooting depth parameters have been tuned to increase AET and match the observed near-surface air temperature in the Climate Forecast System (Saha et al., 2014) . Biased PET and Ω in the models, although they may provide accurate estimates of AET for locations with measurements, may not function well if novel climate and vegetation conditions occur, such as global warming and greening.
| Potential caveats
There are a few caveats about the practical approximations we used when available observations were less than ideal. Third, the satellite-observed LAI may underestimate the site LAI due to the LAI saturation effect and scale mismatch (Wei et al., 2017; Zhu et al., 2016) . This may cause an overestimation of the sensitivity of Ω to LAI.
In summary, we evaluated the seasonal dynamics of the AET/ PET ratio (Ω) at the North American FLUXNET sites across various biomes and climates and from large-scale models at the collocated grids. We found that the importance of vegetation vertical structure in forests cannot be understated, since canopy height largely determines g a and canopy-atmosphere decoupling. As g a is fundamentally linked to sensible heat and energy balance, incorporation and calibration of canopy height in the representation of the biophysical limitations can potentially improve the predictions of the water and energy balances. Our results emphasize that LAI is central to the estimation of Ω and can be quantitatively linked to AET partitioning, which is largely determined by LAI. We found substantial differences between observed Ω and model-based Ω in terms of their magnitudes and the patterns across vegetation types. These differences are closely related to the way these models are built to estimate PET, to represent the Ω responses to the environmental drivers, and to partition transpiration and soil evaporation across vegetation types. More efforts are needed to identify errors in the model responses to the drivers and to understand the sources of uncertainties. Continuous satellite monitoring of vegetation cover and plant water stress will also contribute to an improved understanding of how AET interacts with climate and vegetation and will facilitate progress toward understanding the response of water availability to climate change.
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